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Tutorial

The language people use to describe themselves and 
their state of mind can answer research questions con-
cerning what they think (Al-Mosaiwi & Johnstone, 2018), 
how they feel (Pennebaker et  al., 2003; Zimmermann 
et al., 2017), what they do (Hu et al., 2016), who they 
are (e.g., J. Chen et al., 2020; Kwantes et al., 2016), how 
they interact with others (Bayram & Ta, 2019; Ireland 
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Abstract
Language-based assessments (LBAs), quantitative estimates of scientific constructs based on language, have advanced 
methods in the psychological and social sciences for more than a decade. LBAs based on individuals’ prompted 
descriptions analyzed with large language models to produce scores of their psychological states and traits have shown 
strong convergence with the corresponding rating scales (r > .80) and have often surpassed rating scales in predicting 
theoretically relevant behaviors (external criteria). Despite their high validity across numerous psychological outcomes and 
contexts, the broader adoption of LBA models (LBAMs) has been limited. Even when made available alongside research 
publications, these models often remain inaccessible because of technical complexities, inconsistent documentation, and 
the absence of a standardized repository. In this tutorial, we introduce a framework targeted to social and psychological 
scientists for accessible sharing models with others—the Language-Based Assessment Models (L-BAM) Library—and a 
toolkit for easily using LBAMs via the text package in R. L-BAM covers a wide range of models for assessing mental-health 
disorders (e.g., depression, anxiety), well-being (e.g., satisfaction with life, harmony in life), implicit motives (need 
for power, affiliation, and achievement), and more. The L-BAM Library aims to increase the availability and resource 
efficiency of LBAs of psychological constructs while encouraging replication, independent validation, and the broad 
application of preexisting LBAMs.
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et al., 2011), how they make sense of the world (Fausey 
& Boroditsky, 2010; Sterling et  al., 2020), how they 
behave (Mehl et al., 2007; Tidwell et al., 2025), and much 
more. Language provides rich psychological information 
that extends beyond traditional closed-ended assessment 
methods (Boyd et  al., 2024; Kjell, Kjell, & Schwartz, 
2024). 

Language-based assessments (LBAs) can be viewed as 
a new family of psychological-measurement tools based 
on the assumption that language reliably reflects underly-
ing states, traits, values, thoughts, feelings, and so on 
(Boyd et al., 2024; Kjell et al., 2019; Park et al., 2015). 
Unlike traditional closed-ended scales, which constrain 
responses to predefined items, the LBAs leverage the 
natural expressiveness of language to derive quantitative 
assessment scores from natural language. For example, 
a large language model can be used to convert natural 
language (e.g., social media posts) into numerical repre-
sentations, which are then used as predictors in a regres-
sion model to estimate depression-severity scores. Such 
models are called “LBA models” (LBAMs; see Argamon 
et al., 2007; Boyd & Schwartz, 2021; Kjell et al., 2024; 
Park et  al., 2015; Tausczik & Pennebaker, 2010). They 
may serve as a complementary method to traditional 
assessment methods, such as informant reports, behav-
ioral tasks, or physiological recordings, but with unique 
advantages tied to linguistic richness.

Using language to quantitatively assess psychological 
states and traits offers several advantages. First, natural 
language is the primary means through which individu-
als express complex psychological experiences (e.g., 
Tausczik & Pennebaker, 2010). Second, natural language 
possesses great measurement properties, including, for 
example, broad range, fine resolution, and openness 
(Kjell et al., 2024). The broad range of language (e.g., 
close to a million words in English vs. five, seven, or 11 
scale steps) allows individuals to express extreme states 
(e.g., from hopeless to ecstatic), and its fine resolution 
enables distinctions between subtle emotional nuances 
(e.g., differentiating between worried, uneasy, tense, and 
panicked). Finally, the openness of language enables 
individuals to generate personalized responses, over-
coming the limitations of predefined response categories 
found in traditional assessments.

Over the past years, researchers have made use of 
language quantitatively by transforming language to 
numbers using, for example, large language models, and 
with the numbers, developing regression models to pre-
dict psychological outcomes. These models make use of 
the nuances of language to predict a certain criterion, 
and these models are called “LBAMs” (see Argamon 
et al., 2007; Boyd & Schwartz, 2021; Kjell et al., 2024; 
Park et al., 2015; Tausczik & Pennebaker, 2010). Recently, 
several LBAMs have been developed and validated to 

assess psychological constructs, such as depression 
severity (Gu et al., 2024), harmony in life (Kjell et al., 
2022), and implicit motives (Nilsson et al., 2025). Despite 
their validity across numerous psychological outcomes 
and contexts, the broader adoption of LBAMs has been 
limited. In this tutorial, we introduce and describe the 
Language-Based Assessment Model (L-BAM) Library, 
which serves as an open library for sharing pretrained 
LBAMs in which the models can easily be used with one 
function from the R package text. The L-BAM Library 
aims to facilitate the reproducibility, comparability, and 
accessibility of LBAMs by providing standardized tools 
and methodologies for researchers and is targeted toward 
social and psychological scientists. By making these mod-
els easily available, we encourage independent valida-
tion, broader application across diverse psychological 
domains, and more efficient use of existing resources. In 
this tutorial, we outline how researchers can use LBAMs 
to assess psychological constructs and provide guidelines 
for contributing new models to the library.

LBAs Can Improve Psychological  
Science 

Accurate quantification of mental states and traits is 
essential for psychological science, enabling researchers 
to systematically assess, compare, and track psychologi-
cal constructs and experiences across individuals. Over 
the last 90 years, rating scales based on narrowly defined 
questions coupled with closed-ended questions (i.e., 
Likert scales; Likert, 1932) have come to dominate the 
assessment of psychological constructs. Although the 
rating-scale method has led to important findings, the 
format comes with limitations, such as constraining 
respondents to comprehensively describe their unique 
experiences and state of mind. Although language ini-
tially is more complex to analyze than rating scales, 
recent advancements in artificial intelligence (AI) and 
natural language processing now allow researchers to 
translate rich language descriptions into meaningful 
numerical assessments that align with and even enhance 
traditional psychometric measures.

Methodological flexibility

LBAs offer considerable methodological flexibility and 
have been increasingly applied across a wide range of 
psychological constructs and related behaviors (e.g., 
Boyd & Schwartz, 2021; Kjell, Kjell, & Schwartz, 2024; 
Mihalcea et al., 2024). LBAs have enabled researchers to 
assess, among others, personality (Park et  al., 2015; 
Schwartz et  al., 2013), implicit motives (Brede et  al., 
2025; Nilsson et  al., 2025), well-being ( Jaidka et  al., 
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2020; Sametoglu et al., 2024), and mental illness, such 
as depression (Gu et al., 2025; Perlis et al., 2024), anxiety 
(Gu et al., 2025; Teferra & Rose, 2023), and posttraumatic 
stress disorder (Son et al., 2020). LBAs can also be devel-
oped for behaviors that are theoretically relevant to psy-
chological constructs, such as alcohol consumption 
( Jose et al., 2022; Nilsson et al., 2024), cooperation (Kjell 
et al., 2021), and suicide (Y. Chen et al., 2024; W. Zhou 
et al., 2023); somatic diseases (e.g., heart disease, Eich-
staedt et al., 2015; or cancer, S. Zhou et al., 2022); and 
demographic variables, including age and gender (Gane-
san et al., 2021; Sarwar et al., 2024).

LBAs can be applied to both probed language data—
elicited through targeted open-ended questions—and 
already existing language data gathered from natural 
contexts. Probed LBAs ask individuals to describe their 
state of mind, personal experiences, or specific topics 
in their own words. These assessments have demon-
strated very strong convergent validity with traditional 
rating scales, with an accuracy approaching or reaching 
the scales’ reliability, which is the theoretical upper limit 
of concurrent accuracy (r >  .80; Gu et al., 2024; Kjell 
et al., 2022; Nilsson et al., in review). In addition, there 
are several examples of using probed language (i.e., 
answers to targeted open-ended questions), which 
includes asking participants to describe their activities 
(Nilsson et  al., 2022) and themselves in various ways 
(e.g., Kwantes et al., 2016), recalling various memories 
(Yeung et al., 2024), reporting stream of consciousness 
(Sripada & Taxali, 2020), and so on.

LBAs using already existing language data have dem-
onstrated the ability to assess a wide range of physical 
and psychological outcomes. For instance, social media 
language has been linked to mental- and physical-health 
markers (Eichstaedt et  al., 2015, 2018; Kjell, Giorgi, 
Schwartz, & Eichstaedt, 2023), and transcripts of everyday 
speech have been used to capture emotional fluctuations 
throughout the day (Sun et al., 2020). There are many 
existing sources of language that can be analyzed using 
LBAs, including chats, blogs, text messages, emails, letters, 
personal diaries, and song lyrics. In addition, language 
from more specialized settings, such as therapy-session 
transcripts (Lalk et al., 2024), medical notes (Shah, 2024), 
and political speeches (Liu, Zhang, et al., 2022), can offer 
valuable insights for psychological analysis. Together, 
these two methodological approaches—probed and natu-
ralistic—allow researchers to tailor LBAs to a wide range 
of research designs and data sources.

Theoretical depth

LBAs also hold promise for advancing psychological 
theory. For instance, LBAs can be used to explore how 
individuals naturally express psychological phenomena, 

offering bottom-up insights that can refine existing theo-
ries about constructs (see e.g., Bucur et al., 2021; Cop-
persmith et al., 2014; Gu et al., 2025; Liu, Ungar, et al., 
2022; Nilsson et al., 2024; Stade et al., 2023). Further-
more, because LBAMs can be applied on a large scale 
quite easily, it opens the door for new applications that 
can help expand research in a field. For example, 
implicit-motive (i.e., subconscious needs) assessments 
have historically been resource-intensive because coding 
text for motives requires a lot of time and brain power, 
limiting research and theory development. With auto-
mated coding from implicit-motive LBAMs (e.g., Brede 
et al., 2025; Nilsson et al., 2025), it is possible to assess 
implicit motives at a much larger scale than was ever 
practically possible before: in terms of both assessing 
implicit motives via the classic picture-story exercise and 
applying the implicit-motive LBAMs on other texts, such 
as company reports or social media texts (which the 
coding manual theoretically allows; Winter, 1991), to 
understand, for example, if power-oriented companies 
are more or less successful.

By aligning psychological measurement with natural 
human expression, LBAs enable individuals to commu-
nicate their experiences in their own words, offering a 
powerful complement to traditional closed-ended assess-
ments. For an overview of research studies developing 
LBAs included in the L-BAM Library, see Table 1.

The Need for the L-BAM Library

Despite solid evidence for the broad applicability, use-
fulness, validity, and reliability of LBAs, the sharing of 
models so that they can be easily used by others is cur-
rently limited, and there is no centralized library facilitat-
ing information and model sharing. Even when made 
available alongside research publications, these models 
often remain inaccessible because of technical complexi-
ties, inconsistent documentation, and the absence of a 
standardized library. These limitations restrict resource 
efficiency, hinder replicability, and impede independent 
evaluation and systematic testing of generalizability. We 
believe sharing LBAMs is essential for five key reasons: 
(a) It is resource-efficient to share because not every 
research group needs to develop their own models; (b) 
it supports replication and independent validation, 
which are critical for tackling psychology’s replication 
crisis (Simmons et  al., 2011); (c) it ensures increased 
comparability when the same models are applied across 
studies; and (d) concerns about generalizability can be 
systematically addressed when models are openly 
shared, enabling researchers to evaluate performance 
across diverse samples, languages, and settings using 
the same tools. Finally, (e) for LBAs to have a practical 
impact on psychology (or other fields, e.g., medicine), 
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Table 1.  Example Uses of Language-Based Assessment Models

Constructs Description Reference

Mental health
  Anxiety Individuals described their anxiety and depression using different formats 

(e.g., selecting words from lists or writing descriptive words, phrases, 
or texts). These responses were used to train models that predict 
corresponding rating scales. The models, trained on a development 
data set (N = 963) and preregistered before testing on a prospective 
sample (N = 145), demonstrated high convergent validity (rs = .60–.79).

Gu et al. (2024)
  Depression

  Suicidal risk Individuals described any suicidal ideation or self-harm using open-
ended text responses. Language-based models, preregistered and 
tested against best-estimate-assessed outcomes, showed moderate 
to strong correlations. For suicidality risk, the model achieved r = 
.57 (disattenuated r = .73). The self-harm model produced a Pearson 
correlation of .65, accompanied by a disattenuated correlation of .89.

Gu et al. (in progress)
  Self-harm risk

  Mental-health  
    recommendation

A language-based assessment model was developed to provide mental-
health recommendations on a scale from 1 to 5 in which higher scores 
indicate greater need for psychological support. The model was 
evaluated against the best-estimate assessed recommendation made 
by experts (N = 212). The model demonstrated strong criterion validity 
(r = .82) and convergent validity with clinical scales (|rs| = .62–.77). 
Language inputs included descriptions of general mental health, 
suicidal thoughts, medical history, and selected depression-related 
words.

Wiebel et al. (in 
progress)

  General mental health Transcribed language from automated clinical interviews was used 
to assess general mental health. The preregistered language-based 
model, trained on a development data set (N = 1,270), achieved a 
correlation of r = .35 in the prospective sample (N = 272), exceeding 
the preregistered cutoff (r > .315). Performance was substantially better 
than demographic-only models (r = .13), and adding demographics did 
not improve predictive accuracy.

Kjell et al. (in 
progress) 

Physical health
  General physical health The preregistered language-based model assessing physical health (from 

study above) achieved a correlation of r = .38 in the prospective 
sample, surpassing the preregistered threshold (r > .348) and aligning 
with development performance. It outperformed models using only 
demographics (r = .16), and there was no significant gain from 
including demographic variables alongside language.

Kjell et al. (in 
progress)

Well-being
  Psychological and  
    subjective well-being

Participants responded verbally or in writing about life satisfaction and 
autonomy. Language-based models using contextual word embeddings 
significantly converged with corresponding questionnaire measures 
(rs = .16–.63). Although satisfaction with life was reliably assessed, 
autonomy was less predictable.

Mesquiti et al. (2025)

  Cognitive well-being Respondents were prompted to describe their harmony in life and 
satisfaction with life with various response formats. The best-
performing models converged with a corresponding rating scale at  
r = .85 and r = .80, respectively.

Kjell et al. (2022)

  Experienced well-being Individuals described current feelings across multiple days (M = 20) with 
open-ended responses. Concatenated language predicted average 
valence and arousal ratings at r = .82 and r = .43, respectively.

Nilsson et al. (in 
review)

  Work well-being Respondents were prompted to describe their work engagement and job 
satisfaction. The responses converged with a corresponding rating scale 
at r = .71 and r = .68, respectively.

Nilsson et al. (in 
review)

Personality
  Implicit motives
    Power Using 85,000 sentences from picture-story exercises that were coded for 

the need for power, achievement, and affiliation, the best performing 
models converged with the human codings at intraclass correlation 
coefficients of .90, .88, and .92, respectively.

Nilsson et al. (2025)
    Achievement
    Affiliation
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models need to be shared in an accessible format that 
allows the broader scientific community to implement 
them effectively. Just as researchers have successfully 
shared validated questionnaires, they can also share 
LBAMs. Although there are repositories for uploading 
models, such as GitHub, Hugging Face, and OSF, the 
L-BAM Library is just that, a library from which the actual 
models are hosted on repository platforms.

Tutorial

In this tutorial, we use the text package (Version 1.8), 
an R package that lets users download and use large 
language models and develop LBAMs (Kjell, Giorgi, & 
Schwartz, 2023). There exist other packages for advanced 
language analysis, such as DLATK (Schwartz et al., 2017), 
Keras (Chollet et al., 2015), and PyTorch (Paszke et al., 
2019) in Python, but in this tutorial, we focus on the text 
package in R, which streamlines these analyses in a 
user-friendly way tailored for social and behavioral sci-
entists. In this tutorial, we aim to assist in increasing the 
sharing of LBAMs by introducing two resources. First, 
we describe how the textAssess function can automati-
cally download models, preprocess language data, and 
apply models for assessment, prediction, or classifica-
tion. Second, we introduce the L-BAM Library, where 
researchers can discover existing models and describe 
their own models with instructions for how they can be 
downloaded, used, and cited. We encourage researchers 
to contribute new models to the library, promoting col-
laboration and advancing open science in language-
based analysis. In the tutorial, we predominantly cover 
prediction-based models through language. For research-
ers interested in interpretability and theory-driven explo-
ration based on language analysis, we have developed 
a complementary tutorial describing multiple methods 
for visualizing human language (Eijsbroek et al., 2026, 
under review), which introduces methods such as key-
word extraction, topic modeling, and AI-based visualiza-
tions that can be used alongside LBAs to provide further 
psychological insights. Before diving into the tutorial, 
we want to emphasize some caveats about 
generalization.

Essential caveat about generalization

LBAs can be developed in one setting (e.g., social media) 
and applied in another (e.g., clinical interview). Often, 
however, they do not generalize across all contexts: A 
model’s generalizability depends on several factors, such 
as the setting, population, distribution of target psycho-
logical measure, and language domain (i.e., the similarity 
between the training-data language and the target lan-
guage being assessed). Therefore, users must take 

responsibility for evaluating the appropriateness of each 
model for their specific context. This includes assessing 
whether the model’s training and evaluation contexts 
and language distributions are sufficiently similar to their 
target data (for more information, see the Supplemental 
Material available online) and if needed, validating the 
model’s performance on a subset of their own data 
before drawing any substantive conclusions. This is why 
it is essential to carefully describe each model—its train-
ing data, performance metrics, and so on—as outlined 
in the section The L-BAM Library: Reproducibility, Rep-
lication, and Generalizability. Comprehensive documen-
tation helps users evaluate whether a model is appropriate 
for their specific context and supports transparent, 
reproducible science. We discuss this further in the 
Responsible Applications and Generalizability section.

Theoretical overview of the L-BAM 
Library phases

There are three core phases involved in training LBAMs 
and applying models from the L-BAM Library. First, the 
language is converted into numerical representations 
(i.e., word embeddings) using a large language model 
(Fig. 1a); second, these word embeddings are used to 
train a model to assess or predict a criterion variable 
(Fig. 1b); and third, these models can be applied on new 
data for assessment or classification (Fig. 1c). Details on 
how to transform text to word embeddings and train 
LBAMs using the text package have been described in 
detail before (see Kjell, Giorgi, & Schwartz, 2023). Below, 
we provide an overview of these two steps (Figs. 1a and 
1b) before describing the application and use of the 
L-BAM Library (Fig. 1c).

Word embeddings.  Language can be represented numeri
cally through word embeddings, which are lists of values 
that capture the latent meaning of words in a structured 
format. Essentially, the word-embedding process trans-
forms language into numerical representations, making it 
possible to analyze linguistic patterns computationally. 
This transformation is powered by large language models, 
such as GPT-4 or BERT, which are trained on vast amounts 
of text data from the internet, books, and other sources to 
develop a generalizable representation of language. The 
large language models’ main task in training is to predict 
the next word based on the previous context. Through 
this vast training procedure, the models create a multidi-
mensional semantic space in which words—and even 
entire texts—can be positioned based on their contextual-
ized meaning and usage such that each model represents 
language in several slightly different versions (i.e., layers; 
for more details, see Devlin et  al., 2019; Vaswani et  al., 
2017). Text can be transformed into word embeddings 
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y = a + bX ...

a
Convert Language to Word Embeddings

b
Develop and Share Language-Based Assessment Models

c
Apply Language-Based Assessment Models to New Data

textEmbed(
texts = my_data)

textTrain(
 x = word_embeddings,
 y = depression)

textAssess(
 model_info = “depression”,
 texts = “I feel blue. . .”)

textEmbed0

my_data word_embeddings

word_embeddings

happiness
cooperation

depression
Predictive modelling

x y

y = a + bX ...

0.23

0.23

0.23

Dim 1

Dim 1

Dim 1

Dim 2

Dim 2

Dim 2

Dim 768

Dim 768

Dim 768

depression

The L-BAM library

Large Language Model
(LLM)

LLM

“I feel bad...”
“I love life...” 1.64

1.64

...

...

...

...

...... ... ... ...

...

happiness
cooperation
depression

The L-BAM library

LBA depression
9.7

...

...

...

...

...

1.98

1.98

1.98

0.78

0.78

10

0.78
−1.32−0.13

−0.13 −1.32 0 ˆ

ˆ

Fig. 1.  Overview of the Language-Based Assessment Model (L-BAM) Library components. (a) Convert language to word embed-
dings. (b) Develop and share language-based assessment models. (c) Apply language-based assessment models to new data.
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using the textEmbed function from the text package, as 
described in detail by Kjell et al. (2023). Thus, this func-
tion transforms raw language data into meaningful num-
bers representing the language.

Training LBAMs.  With word embeddings, it is possible 
to create linear regression models to predict psychological 
constructs and relevant outcomes. Normally in psychol-
ogy, researchers make multiple linear regression models 
with predictor variables, such as the Big Five personality 
traits, age, and gender, to predict outcomes of interest, 
such as mental health, as the criterion variable. The mod-
els we introduce here are similar. The criterion variable 
works exactly the same. But instead of personality traits 
and demographics as the predictor variables, word embed-
dings are the predictor variables. Compared with person-
ality traits and demographics as predictor variables (seven 
predictors), word embeddings commonly consist of hun-
dreds or even thousands of dimensions (i.e., referred to 
here as “predictor variables”). An observant reader under-
stands that such a model is likely to violate the assumption 
of multicollinearity (i.e., correlated predictor variables). To 
deal with this, models in the L-BAM Library use slightly 
more advanced forms of multiple linear regressions (e.g., 
ridge regression) that reduce the impact of irrelevant pre-
dictors through a penalty (a penalty, represented by a 
number, pushes abundant predictors toward 0, and the 
higher the penalty is, the stronger it pushes predictors 
toward 0). Furthermore, in a standard multiple regression, 
the predictors are fit to the criterion in one single model 
without testing if this fit works on new data. All models 
here, instead, have first fitted the criterion using various 
penalties on the predictors from a portion of the data. 
They are then tested on the remaining portion of the data 
for their predictive accuracy, and the degree of penalty is 
also evaluated. This process, known as “cross-validation,” 
is essential to secure the generalizability of models. The 
most common way to develop LBAMs is by using ridge 
regression via the textTrain() function in the text 
package (which have been described in detail in Kjell, 
Giorgi, & Schwartz, 2023). Thus, the textTrain() func-
tion is one way to examine the relationship between lan-
guage and a criterion and hence creates an LBAM. 
However, alternative methods (than ridge regression) also 
exist, such as fine-tuning large language models. These 
models can subsequently be uploaded online (e.g., to the 
OSF or GitHub) and added to the L-BAM Library.

Applying models from the L-BAM Library.  Finally, 
the LBAMs can be applied on new data, a fully automated 
process that takes the user’s new text data as input and 
provides a predicted score as outcome. This step is 
achieved with the textAssess() function of the text 
package, as we describe in more detail in the tutorial next.

The textAssess() function

In the following, we describe how L-BAM Library users 
can quickly implement LBAMs on their own data in R 
using the text package. The function for doing this is 
called textAssess(),1 and this function is used to 
assign language a psychological assessment, such as 
generating a depression-severity score based on the lan-
guage. The main parameters of the function include 
model_info for indicating the LBAM and texts or 
word_embeddings for passing the (embedded) lan-
guage to which the model will be applied (see Code 
Box 1). The output from the textAssess() function 
is returned as either assessment scores (if the outcome 
is continuous) or classification labels with probability 
scores (if the outcome is binary).

For an example of how to download and apply an 
LBAM using the textAssess() function, see Code Box 
1. Here, a model is downloaded that has been trained 
using the text package to assess depression severity (Gu 
et al., 2025) and is applied to two example sentences (in 
text_to_assess). The textAssess() function 
downloads the chosen model (indicated by model_
info), transforms the example data (indicated by 
texts) into word embeddings, and applies the LBAM 
to these word embeddings to assess depression-severity 

Code Box 1.  Example on Depression Severity

# Example text to access
text_to_assess = c(

"I feel down and blue all the time.",
"I feel great and have no worries that 
bother me.")

library(text) # See Code Box 2 if the package has not 
been installed.

# Predict depression-severity scores using a model 
trained with the text package.

# Download the model, create word embeddings, and 
apply the model to these word embeddings.

depression_scores <- textAssess(
model_info = "depression_text_phq9_ 
  roberta23_gu2024",
texts = text_to_assess,
dim_names = FALSE)

# Output
depression_scores

# A tibble: 2 × 1
 `word_embeddings__PHQ9$PHQtotpred`

 <dbl>
1                                    17.2
2                                    4.10
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scores. The output includes the assessed depression-
severity scores for the two example responses, 17.2 and 
4.10 on the Patient Health Questionnaire–9 (PHQ-9; 
Kroenke & Spitzer, 2002). These predictions show face 
validity given that the first response sounds more 
depressed than the second response.

Code Box 2 shows how to set up the text package 
after installation, which is necessary the first time using 
the package. Because Python (another coding language) 
is used at the forefront of most large-language-model 
development and deployment, the text package relies 
on Python-based tools to access cutting-edge functional-
ity. Under the hood, text sets up a dedicated Python 
environment using Miniconda (a lightweight collection 
of prebuilt tools for managing Python environments and 
packages). It then automatically installs key libraries, 
such as Hugging Face Transformers and PyTorch. This 
setup enables R users to seamlessly access powerful 
language models without needing to manually install or 
configure all the Python dependencies.

Some Python libraries require system-level dependen-
cies that vary across operating systems and platforms. The 
text package automatically checks for these dependencies 
and if any are missing, provides instructions on how to 
install them. In some cases, this may require you to down-
load and install tools using the Terminal. More information 
about platform-specific requirements and troubleshooting 
is available at https://r-text.org/articles/ext_install_guide.
html. To ensure broad compatibility, the installation pro-
cess and most of the package functionality are automati-
cally and continuously tested on GitHub Actions across 
macOS, Windows, and Ubuntu systems.

For users who prefer not to install anything locally, 
we offer the ability to run the tutorial directly in Google 
Colab, requiring no setup on your own machine. 

Whenever using this option, make sure to follow the 
privacy concerns regarding your data.

Code Box 3 shows an example of how to download 
an LBAM to assess valence and apply it on satisfaction-
with-life descriptions using the textAssess() func-
tion. The valence model was trained using the text 
package to assess human-annotated valence from Face-
book posts (Eijsbroek et al., 2026). The satisfaction-with-
life descriptions are part of example data of the text 
package (Language_based_assessment_data_8) 
and include text responses in which participants 
described their experienced satisfaction with life (sat-
isfactiontexts) and self-reported ratings of their 
satisfaction with life (swlstotal; Diener et al., 1985). 
The textAssess() function downloads the valence 
model, transforms the satisfaction descriptions into word 
embeddings, and applies the downloaded model to 
these word embeddings to assess valence scores. We 
correlated the assessed valence scores to the partici-
pant’s self-reported satisfaction-with-life scores  
(r = .74). This strong positive correlation shows construct 
validity given that higher valence scores indicate positive 
emotion, which should theoretically correspond to a 
higher level of satisfaction with life.

Code Box 4 shows another example of how to down-
load LBAMs for assessing implicit motives and applying 
it on harmony-in-life descriptions using the textAs-
sess() function. The two implicit-motive models were 
trained to assess the need for affiliation and power from 
expert-coded stories from picture-story exercises  
(Nilsson et  al., 2024). They were applied to text 
responses in which participants described their experi-
enced harmony in life (harmonytexts), part of the 
text package example data (Language_based_
assessment_data_8). The textAssess() func-
tion downloads the implicit-motive models, transforms 

Code Box 2.  Install the text Package

# Step 1: Install the text package in R.
install.packages("text")
library(text)

# Step 2: Set up the required Python environment.
# �The function first checks that common system 

dependencies are satisfied and if not, provides 
instructions for how to install them in the terminal.

textrpp_install()

# �Step 3: Initialize the Python environment for use 
with text.

textrpp_initialize()

# �If you encounter any issues during installation 
or setup, refer to the latest instructions and 
troubleshooting guide at

https://r-text.org/articles/ext_install_guide.html.

Code Box 3.  Example on Valence and Well-Being

# Assess the valence of the harmony-in-life texts.
# �Download the model, create word embeddings, and 

apply the model to these word embeddings.
valence_scores <- textAssess(
model_info = "valence_facebook_mxbai23_

eijsbroek2024",
texts = Language_based_assessment_

data_8$satisfactiontexts)

# �Correlate the assessed valence scores with the 
harmony-in-life scores.

cor(valence_scores$texts__Valencepred,
 Language_based_assessment_data_ 

8$swlstotal)

[1] 0.7421613

https://r-text.org/articles/ext_install_guide.html
https://r-text.org/articles/ext_install_guide.html
https://r-text.org/articles/ext_install_guide.html
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the harmony-in-life descriptions into word embeddings, 
and applies the implicit-motive model to these word 
embeddings to assess implicit needs of affiliation and 
power. We performed a t test to test the difference 
between affiliation and power in the harmony-in-life 
texts, showing that the implicit need of affiliation (M = 
.25) was significantly more present than the implicit 
need of power (M = .07) in texts in which people 
describe their experienced harmony in life (p < .001). 
The difference shows high construct validity given that 
harmony in life is empirically more related to relation-
ships and belonging than power (Kjell et  al., 2016; 
Lomas et al., 2025). 

Code Box 5 shows how the L-BAM Library can be 
examined in R. It is possible to import the library as a 
data frame using the textLBAM() function to easily 
search for applicable models by filtering the models 
based on your construct of interest. Here, we show how 
to filter for the current eight depression models. It is 
also possible to read individual models and retrieve 
descriptive information one by one.

Input features: language, word embeddings, and 
other variables.  The textAssess function requires predic-
tors in the form of language features and/or other vari-
ables (see Table 2). Most models can take either raw 
language (texts) or word embeddings (word_embed-
dings). When language is provided, textAssess() 
will retrieve information from the model object (model_
info) about the required word embeddings, specifying 
which large language model to use and its configuration 
(e.g., the layer or layers to use).

The model and word embeddings will automatically 
be saved in the working directory when using a model 
trained with the text package. The function first checks 
if the working directory already has computed word 
embeddings for a given text; if not, the function retrieves 
them from the specified large language model (using 
the textEmbed() function; see Kjell, Giorgi, & 
Schwartz, 2023). However, if you pass word embeddings 
(with the argument word_embeddings) directly, it is 
crucial to remember that the word embeddings must 
match those on which the model was trained (i.e., the 
language is transformed into word embeddings with the 
same model as indicated in textAssess() 
function).

Furthermore, some models have been trained using 
additional predictors other than language, that is, more 
than word embeddings, such as gender and age. In those 
cases, these variables are appended as a data frame 
using the x_append parameter. To know whether addi-
tional predictors are needed, you can access the model 
object to see if and what variables are needed for x_
append (see information under “x_append” in the 
model$model_description). It is also possible to 
create and use models based solely on x_append fea-
tures (i.e., no language features as predictors), which 
can be useful when comparing an LBAM with a model 
that uses only demographic variables as predictors while 
keeping the methods consistent.

Fine-tuned models.  The textAssess function by default 
uses a model object trained in R with the text package 
(called “text-trained”) but can also use fine-tuned models. 
A text-trained model, which most of the models in the 
L-BAM Library are, is typically based on a predictive model 
algorithm (e.g., ridge regression) that has been trained on 
word embeddings to predict an outcome using a text-train 
function of the text package (e.g., textTrain() or 
textTrainRegression(); see Kjell, Giorgi, & Schwartz, 
2023). For researchers who want to contribute to the L-BAM 
Library, these are good functions for model development 
and are described in detail in Kjell et al. (2023). A “fine-
tuned” model is a large language model (e.g., RoBERTa; Y. 
Liu et al., 2019) that has received further training (i.e., it has 
been fine-tuned) for a specific task (e.g., classifying a text 
as positive or negative) or domain (e.g., to model clinical or 

Code Box 4.  Example of Implicit Motives

# �Assign implicit-motives labels to the satisfaction 
texts using a fine-tuned model.

# �Download the models, create word embeddings, and 
apply the models to these word embeddings.

implicit_affiliation <- textAssess(
model_info = "implicitaffiliation_

roberta_ft_nilsson2024",
texts = Language_based_assessment_

data_8$harmonytexts)

implicit_power <- textAssess(
 model_info = "implicitpower_roberta_ft_

nilsson2024",
 texts = Language_based_assessment_

data_8$harmonytexts)

# �Test difference in affiliation versus power in the 
harmony texts.

affiliation <- implicit_affiliation$.pred_1
power <- implicit_power$.pred_1

t.test(affiliation, power)

 Welch Two Sample t-test

data: affiliation and power
t = 4.1368, df = 48.011, p-value = 0.000141
alternative hypothesis: true difference in 

means is not equal to 0
95 percent confidence interval:
  0.1447024 0.4183845
sample estimates:
  mean of x mean of y
0.34853536 0.06699195
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# Import the language-based assessment model as a data frame and filter for models starting with “dep.”
textLBAM(

 columns = c("Construct_Concept_Behaviours", "Name"),
 construct_start = "dep",
 lbam_update = FALSE

)

     Construct_Concept_Behaviours 								            Name
1 	 depression 	 depression_select_phq9_roberta23_gu2024
2 	 depression 	 depression_words_phq9_roberta23_gu2024
3 	 depression 	 depression_phrases_phq9_roberta23_gu2024
4 	 depression 	 depression_text_phq9_roberta23_gu2024
5 	 depression 	 depression_select_cesd_roberta23_gu2024
6 	 depression 	 depression_word_cesd_roberta23_gu2024
7 	 depression 	 depression_phrase_cesd_roberta23_gu2024
8 	 depression 	 depression_text_cesd_roberta23_gu2024

# Retrieve information about a trained model with the text package in R.
model_Gu2024 <- readRDS("depressiontext_robertaL23_phq9_Gu2024.rds")

# To see the model’s training performance, run the following:
model_Gu2024$results

       Pearson's product-moment correlation

data: predy_y$predictions and predy_y$y
t = 29.765, df = 954, p-value < 2.2e-16
alternative hypothesis: true correlation is greater than 0
95 percent confidence interval:
  0.6652463 1.0000000
sample estimates:

 cor
0.6939053

# The model typically also includes the target with cross-validated predictions.
> model_Gu2024$predictions
# A tibble: 963 × 3
     predictions     y id_nr
	        <dbl> <dbl> <int>
  1 	 6.91 	 0 	 1
  2 	 8.52 	 17 	 2
  3 	 13.4 	 21 	 3
  4 	 15.8 	 13 	 4
  5 	 14.1 	 9 	 5
  6 	 2.82 	 1 	 6
  7 	 11.0 	 9 	 7
  8 	 11.3 	 5 	 8
  9 	 3.61 	 23 	 9
10 	 8.32 	 2 	 10
# ℹ 953 more rows
# ℹ Use `print(n = . . .)` to see more rows

# These can be used to examine the performance further.
ggplot(model_Gu2024$predictions, aes(x = predictions, y = y)) +
   geom_point() +
   geom_smooth(method = "loess") +
   labs(
     x = "Predicted Values",
     y = "Observed Values",
    caption = “Cross-validated predicted vs. observed PHQ-9 scores (Gu et al., 2024).”
   )

Code Box 5.  Examine Language-Based Assessment Model (L-BAM) Library

(continued)
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social media language more accurately). Thus, the model 
parameters of the large language model have been adjusted 
for the new task or domain. Most fine-tuned models in the 
L-BAM Library take only language (texts) as input (i.e., 
no word_embeddings and no additional predictors from 
x_append). Fine-tuned models can be found at the reposi-
tory huggingface.co and can be developed in the text 
package with the functions textFineTuneTask() and 
textFineTuneDomain(). For more information about 
fine-tuning models, see Demszky et al. (2023).

The L-BAM Library: reproducibility, 
replication, and generalizability

To make model sharing more straightforward and acces-
sible, we introduce the L-BAM Library. The L-BAM 
Library is a searchable online database (https://r-text 
.org/articles/LBAM.html2) in which users can search for 
models and filter according to different model charac-
teristics, such as the type of construct, the model’s pre-
dictive accuracy, or the type of language.

The L-BAM Library aims to comprise the most rele-
vant information for model sharing, balancing thor-
oughness with practicality. We expect that most 
well-validated models will be accompanied by addi-
tional documentation, such as a peer-reviewed article, 
a model card describing the model in depth (Mitchell 
et al., 2019), and/or a data sheet clearly describing the 
training data set (Gebru et al., 2021). We also encour-
age reporting guidelines, such as the TRIPOD(+AI) 
statement for transparent reporting of research that 
develops, validates, or extends (updates) prediction 
models (Collins et al., 2024) and the LEADING state-
ment for comprehensive reporting of how best-estimate 
assessments are achieved for training/evaluating pre-
diction models that assess (psychiatric or medical) con-
ditions lacking a more objective truth or “gold standard” 
(Eijsbroek et al., 2025).
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Code Box 5.  (continued)

Table 2.  Main Function Parameters and Arguments for the 
textAssess() Function

Parameter Description

model_info A pretrained model object or a path 
(string) to a model, which can be a 
path to a model stored locally, a name 
from the Language-Based Assessment 
Model Library, or an online path

texts A character string or a data frame with a 
character column to assess

word_
embeddings

Word embeddings (works only for 
text-trained models and cannot be 
combined with texts)

x_append A data frame with additional variables to 
use for prediction

https://r-text.org/articles/LBAM.html
https://r-text.org/articles/LBAM.html
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Using and contributing to the L-BAM 
Library

Next, we outline the key information types of the L-BAM 
Library, offering a standardized format for describing the 
models, including outlining aspects of the outcome and 
training data, model performance and ethical consider-
ations, and metadata and access (Table 3). These com-
ponents are relevant for users to understand the models 
they use and for contributors who should report these 

when adding models to the L-BAM Library. Note that  
they are described briefly here and in more detail in  
the L-BAM Library (see https://docs.google.com/
spreadsheets/d/14PcfTwQJZCKbSh6ylOq1Qm1VT44X4R
D0aR4-dt6bink/edit?gid=194707973#gid=194707973) and 
in Tables S1 through S3 in the Supplemental Material.

The outcome section describes what the model pre-
dicts, assesses, or classifies, such as the psychological 
construct or behavior (e.g., depression through PHQ-9), 
and details about the specific outcome the model was 

Table 3.  Overview of the Language-Based Assessment Model Library

Information type Description and categories Examplea

Outcome (five categories) Information about the criterion variable of the 
model, such as
-  Construct/behaviors
-  Outcome
-  Language
-  Language type
-  Level of analysis

Nine-item Patient Health 
Questionnaire (depression 
rating)

Training data (eight 
categories)

Information about the language data trained to  
  assess the outcome, such as

-  N training
-  N evaluation
-  Data source
-  Participant information
-  Whether training data are open
-  Language prompt (if applicable)

Descriptions of depression 
from the prompt “Have you 
been depressed in the past 
two weeks?”

967 participants recruited 
through Prolific

Model type (two 
categories)

Information about the algorithm that fitted the 
word embeddings of the training data to the 
outcome, such as
-  Model type
-  Features

Ridge regression with Bert 
Base Layer 11

Model performance (nine 
categories)

The performance of the model’s predictions,  
  such as

-  Validation metric
-  Cross-validated accuracy
-  Held-out accuracy
-  Model-preregistration accuracy
-  Other evaluations

Pearson r = .70 in held-out 
accuracy

Ethical considerations (two 
categories)

Ethical information, including
-  Ethical approval
-  Ethical statement

The Swedish National Ethics 
Review Board deemed this 
research study exempt from 
requiring ethical approval.

Metadata (eight categories) Useful information about the model, such as
-  Study type (e.g., development or usage)
-  Reference
-  Model-creation date
-  Contact details
-  License

Gu et al. (2024), open

Access (four categories) Information on how to assess the model, such as
- � Name to retrieve with the textAssess() 

function
-  Name description
-  Path

depression_words_phq9_
roberta23_gu2024

aThe content of the categories is detailed in Tables S1 through S3 in the Supplemental Material available online, including examples 
of them.

https://docs.google.com/spreadsheets/d/14PcfTwQJZCKbSh6ylOq1Qm1VT44X4RD0aR4-dt6bink/edit?gid=194707973#gid=194707973
https://docs.google.com/spreadsheets/d/14PcfTwQJZCKbSh6ylOq1Qm1VT44X4RD0aR4-dt6bink/edit?gid=194707973#gid=194707973
https://docs.google.com/spreadsheets/d/14PcfTwQJZCKbSh6ylOq1Qm1VT44X4RD0aR4-dt6bink/edit?gid=194707973#gid=194707973
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trained to and the type of language used to train the 
model (see Table S1 in the Supplemental Material).

The training-data section details the data set used to 
train the model, including the number of observations, 
where the data are attained (e.g., online, clinic), partici-
pants (e.g., demographics), and the type of labels used 
in training (e.g., self-reported). It also describes whether 
the model includes information about the language dis-
tribution (a word-frequency table) used in training to 
assess language similarity with new data (see Table S1 
in the Supplemental Material).

The model section focuses on the technical aspects of 
the model, including the type of model used for prediction 
(e.g., ridge regression) and the features used for predic-
tion, such as word embeddings and/or demographic infor-
mation (see Table S2 in the Supplemental Material).

The model-performance section presents the key per-
formance metrics of the model; one can include one 
primary metric (e.g., Pearson r or area under the curve), 
which is possible to filter, and then give additional rel-
evant validation metrics (e.g., mean absolute error, sen-
sitivity). One can also include accuracy from several 
evaluation frameworks, including (nested) cross-valida-
tion, held-out accuracy, and Sequential Evaluation with 
Model Pre-registration (SEMP; Kjell, Ganesan, et al., 2024; 
see Table S2 in the Supplemental Material). SEMP aims 
to address concerns that predictive models often under-
perform in independent or prospective samples (e.g., 
Chekroud et al., 2024; Kernbach & Staartjes, 2022; Spasic 
& Nenadic, 2020; also see Essential Caveat About Gen-
eralization section). It essentially involves preregistering 
LBAMs and expected outcomes before applying them to 
held-out evaluation data. If the results replicate with simi-
lar effect sizes, this adds strong evidence for the model’s 
robustness and generalizability. Note that not all models 
will include these estimates because they depend on how 
the model was developed and evaluated.

The ethical-considerations section includes the ethi-
cal-approval application ID associated with the model’s 
development (if applicable) and outlines ethical consid-
erations or concerns addressed during the development 
and testing phases and those to consider in future appli-
cations (see Table S2 in the Supplemental Material).

The model-metadata-and-access section describes  
the study type (e.g., development or replication), citation 
details, licensing restrictions, and where the model can 
be accessed (see Table S3 in the Supplemental Material). 
If specific commands for using the models are applicable, 
they should also be mentioned here. We once again stress 
that all the information of what to add in the documenta-
tion is described in the L-BAM Library at https://r-text 
.org/articles/LBAM.html. Furthermore, we have uploaded 
a template with the headings of the library so that 
researchers can fill everything in on their local computer 
before adding all information to the library itself.

The L-BAM Library versus other 
repositories

The L-BAM Library focuses on social sciences and in par-
ticular, psychology, offering a standardized and accessible 
collection of models that are fully compatible with R and 
can be easily applied using textAssess(). By streamlin-
ing the application process, the L-BAM Library minimizes 
technical barriers, making it easier for researchers to inte-
grate LBAs into their work. The L-BAM Library is not a 
repository—it is a library from which the actual models 
are hosted on repository platforms, such as GitHub,  
Hugging Face, and OSF. What further sets the L-BAM 
Library apart is its structured framework specifically 
designed for LBAs, in which models are accompanied by 
comprehensive documentation to help researchers quickly 
gain an overview of available models and identify relevant 
models for their research needs. Thus, the L-BAM Library 
promotes open and transparent scientific practices, empha-
sizing reproducibility, independent validation, and acces-
sibility. The library is open for anyone to contribute models, 
meaning that it does not curate or filter models itself but 
instead provides a structured system for sharing and apply-
ing them in research. This openness encourages collabora-
tion, refinement, and broader validation and application 
of language-based psychological assessments.

Ethical considerations, responsibility, 
and AI safety

The scores from LBAs can be used for further statistical 
analyses, such as standard hypothesis testing or predic-
tive modeling. However, using LBAs comes with several 
ethical considerations.

Privacy.  Language data are typically highly informative 
and personal, making it hard to anonymize, and researchers 
must consider ethical challenges and privacy issues in all 
steps of data collection, storage, and analyses of natural 
language (see e.g., Leidner & Plachouras, 2017). The L-BAM 
Library includes models that can be downloaded and run 
locally in the user’s own environment, allowing the user to 
avoid sharing sensitive information with a third party (e.g., 
ChatGPT). However, when uploading models, it is crucial 
to remember that certain types, such as fine-tuned large 
language models and text-trained models with language-
distribution data, may contain sensitive information; hence, 
it is crucial to consider privacy concerns before sharing 
models. A text-trained model without a saved language dis-
tribution contains no language data on which it was trained.

Responsible applications and generalizability.  The 
L-BAM Library does not involve peer review of models or 
warranty for the models it includes. As a class of tech-
niques, research has shown that LBAs have comparable or 

https://r-text.org/articles/LBAM.html
https://r-text.org/articles/LBAM.html
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exceeding validity and reliability as traditional rating scales 
(Kjell, Kjell, & Schwartz, 2024). However, each specific 
instance of such an assessment must undergo rigorous 
evaluation for validity and reliability for target populations 
and use contexts before being trusted (just as any rating 
scale would). Although information about the models and 
how to access them is provided in the L-BAM Library, it is 
essential for users to independently assess the accuracy, 
suitability, validity, and reliability of each model for their 
specific research needs (for details about responsible shar-
ing and usage of LBAMs, see Box 1).

Importantly, evaluating the suitability of a model 
includes explicit evaluation of generalizability. Our 

proposed “gold standard” for testing generalizability is to 
have similar assessments as the model was trained on in a 
subset of the new data. For example, suppose an LBAM 
has been trained to assess depression ratings from clinical 
interviews and a researcher wants to assess depression 
severity from social media language. In that case, the 
researcher should make sure there are enough participants 
having both social media language and depression-severity 
scores that the model’s generalizability can be tested on. 
The required sample size should be determined by the 
desired precision in estimating the model’s accuracy in the 
new sample, with attention to the width of its confidence 
interval (e.g., the confidence interval around a correlation 

Guidelines for contributors

To support transparency, traceability, and responsible use, contributors should do the following:

1. � Fill out the LBAM submission sheet: Fill out the model-submission form available at https://r-text 
.org/articles/LBAM.html. This includes key metadata such as model name, outcome variable(s), model 
type, training-data size, validation metrics, ethical considerations, and relevant metadata (e.g., links to 
articles or preprints).

2. � Public hosting: Host the model on a publicly accessible platform with version control—such as OSF, 
Hugging Face, GitHub, or Bitbucket—to ensure reproducibility and long-term access.

3. � Contact: Email a library maintainer (see contact details at https://r-text.org/articles/LBAM.html) using 
the same email address that you provide under contact_details in the metadata.

Once these steps are completed, we will publish the model in the Language-Based Assessment Model 
(L-BAM) Library, making it accessible to the broader research community.

Guidelines for users

Before using a model from the L-BAM Library, we recommend the following steps to ensure its suitability for 
your research context:

1. � Verify source and contact information
Review the listed contact details. If in doubt, reach out to the model contributor for clarification. Using 
models may carry security risks, including the possibility of malicious code in the file. Each model in 
the L-BAM Library must include a designated contact person with a valid email address (i.e., not 
placeholder or fabricated information) and must be hosted on publicly accessible platforms with 
version control, such as OSF, to ensure transparency and traceability. Always review and make sure you 
trust the source of any model you load. In situations requiring extra caution, consider loading models 
in secure, isolated environments rather than directly into your local R session (e.g., see Docker). Check 
for linked preprints or peer-reviewed publications that describe the model.

2. � Critically evaluate the development and validation details
Examine how the model has been validated, including reported performance metrics (e.g., root mean 
square error, correlations) and the populations used for validation. Ensure these align with your 
intended use case.

3. � Test generalizability
Evaluate the model’s performance in your specific context by applying it to some new data that include 
the outcome measure you are targeting (e.g., if you have 10,000 texts you want to apply the LBAM on, 
make sure you have the criterion variable associated with at least a subset of the 10,000 texts, such as 
100). This allows for direct testing of generalizability.

Box 1.  Responsible Sharing and Use of Language-Based Assessment Models (LBAMs)

https://r-text.org/articles/LBAM.html
https://r-text.org/articles/LBAM.html
https://r-text.org/articles/LBAM.html
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coefficient). We propose this procedure as the “gold stan-
dard” because it is testing the model on a subset of the 
data it will subsequently be applied on.

When such paired data are unavailable, researchers 
may instead explore differences or similarities in lan-
guage distributions between the training and target data 
sets. In the Supplemental Material, we show that one 
such approach—calculating target recall between train-
ing and test data—correlates meaningfully with gener-
alizability performance (rs = .38–.39; n = 68 tests; see 
Table Box 1 in the Supplemental Material). This suggests 
target recall may offer a useful proxy for estimating 
generalizability, although further research is needed to 
refine and validate such distributional metrics.

Ultimately, the long-term goal is to accumulate enough 
well-documented model evaluations across diverse settings 
to enable meta-analyses and potentially predictive bench-
marks of generalizability in new language contexts. This 
requires community-wide participation and is a key direc-
tion for future development of the LBAM ecosystem.

Ethical principles.  Finally, there are several ethical 
principles ( Jobin et al., 2019; Peters et al., 2020), regula-
tions, and legal frameworks (European Commission, 2023; 
Hauglid & Mahler, 2023; U.S. Food & Drug Administration, 
2021; Veale & Zuiderveen Borgesius, 2021; White House 
Office of Science and Technology Policy, 2022) concern-
ing the development and use of AI and large language 
models. A review of more than 80 international guidelines 
identified five key ethical principles: transparency, justice 
and fairness, nonmaleficence, responsibility, and privacy 
( Jobin et al., 2019). We encourage users to explore, apply, 
and stay current with these resources.

Summary

In this tutorial, we presented the textAssess() func-
tion that enables researchers to get scores on psychologi-
cal constructs from language by using preexisting models 
from an open library of LBAMs (the L-BAM Library). The 
library aims to assist researchers in analyzing language 
data while supporting replication, independent valida-
tion, and broader model application. Doing so is expected 
to promote resource efficiency and enhance comparabil-
ity when models are applied across different research 
groups and studies. After reading this tutorial, researchers 
should possess the skills to apply any model from the 
L-BAM Library to their language data (for recommended 
further readings, see Table 4). 

We encourage researchers to expand the library with 
models predicting both psychological constructs and 
other social-science outcomes. We hope the library will 
help researchers to (a) use previously developed mod-
els, (b) upload information about their models, and (c) 

report relevant research that further validates existing 
models. By encouraging independent validation  
and transparency, the L-BAM Library can hopefully  
help strengthen research rigor on LBAs and advance 
the field.
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Notes

1. Interchangeable aliases of textAssess() are textPredict() and 
textClassify(), which work the same but are named differently to 
align with different tasks and contexts theoretically. For example, 
depending on the specific model, the functions can be used to 
predict future mental states (e.g., an estimate of future depres-
sion severity), assess a current mental state (e.g., a harmony-
in-life score), or classify texts by assigning labels representing 
personal characteristics (e.g., need for power, achievement, or 
affiliation).
2. The table is developed using the R package reactable (Lin, 
2023).
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